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Summary of Deliverable

This deliverable, linked to task 2.3 of work package 2, presents spatio-temporally
stratified emission factors (EFs) associated with peatland rewetting across WET
HORIZONS (WH) catchments. By integrating satellite-based remote sensing (SPOT
6/7 imagery), UAV orthomosaics, ground-based GHG flux and meteorological
measurements, ground-truth observations, and statistical modelling, we were able to
characterize key temporal phases in GHG flux trajectories. All geospatial data (in
raw and processed/classified format, geotiff files,
https://doi.org/10.5281/zen0do.16965385 ), flux and ancillary data (CSV file,
https://doi.org/10.5281/zenodo.16965682) associated with this task are available via
WET HORIZONS Zenodo space and the measured EF dataset is part of the WP2
master EF-WP2 dataset available here: https://doi.org/10.5281/zenodo.16964557.

Vegetation abundance and the distribution of plant functional types after rewetting
were analyzed using both unsupervised and supervised machine learning
classification approaches. Results were then compared with vegetation units and
associated fluxes from the Greenhouse Gas Emission Site Type (GEST) catalogue.
We further used machine learning approaches (eXtreme Gradient Boosting (XGBoost)
regression and random forest) to model temporally stratified carbon dioxide (CO2) and
methane (CH4) emission factors in rewetted peatland systems using the most updated
measured flux and meteorological datasets within the target European countries. This
method helped us to introduce different emission phases under various management
scenarios and site characteristics according to ‘time since rewetting’. The work
supports the provision of refined Tier 2 emission factors tailored for national GHG
inventories, aligning with Paris Agreement commitments.

Major achievements include mapping vegetation succession and assessing
changes in GHG emission using dominant vegetation types and water table depth
(WTD) as proxies. We aim to delineate temporal phases of ecosystem-atmosphere
GHG exchanges associated with rewetting, and to develop predictive models
integrating multiple site-specific drivers. Even the succession to the near-natural state
may take decades or centuries, it is necessary to quantify the short-term responses of
GHG exchange to rewetting in order to more accurately estimate their mitigation
potential over shorter timescale. Emission dynamics identified through tracking proxy
indicators across time and space could be integrated into national peatland
strategies and policies to support the achievement of Net-Zero targets. Finally, a
publicly accessible interactive dashboard was developed to explore the EF dataset,
offering a user-friendly interface with site-specific variables, statistics, maps, and
visualizations. It features interactive maps of site distributions linked to detailed pages
containing images, UAV orthomosaics (where available), and tools for examining GHG
temporal trends and environmental drivers across the WET HORIZONS network. The
dashboard serves as a look-up table for identifying peatland EFs and enables
dissemination of research insights to stakeholders, including policymakers, and local
communities.
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1 Introduction

While peatlands are globally among the most carbon-dense ecosystems, widespread
historical drainage for agriculture, forestry, and peat extraction has converted many of
them from long-term carbon sinks into significant GHG sources. The primary goal of
this report, linked to Task 2.3 of WP2, is to develop higher-tier emission factors (EFs)
for restored peatlands, stratified across spatial and temporal dimensions, with
particular emphasis on delineating temporal phases after rewetting within WET
HORIZONS (WH) catchments. This spatio-temporal stratification allows for more
accurate representation of emission dynamics and provides a stronger basis for
assessing mitigation potential and guiding restoration strategies. It also emphasizes
its importance in safeguarding long-term carbon storage. Rewetting degraded
peatlands — by raising water levels — has emerged as a key intervention strategy to halt
further peat oxidation, reduce CO2 emissions (Leifeld, J. & Menichetti, L. 2018), and
initiate the gradual recovery of ecosystem functionality. Rewetting of peatlands with
strongly degraded topsoils might still cause temporary increases in CH4 emissions for
an unknown period of time (Vanselow-Algan et al., 2015); however, this practice
typically offers significant CO2 emission reduction potential (Gunther et al., 2020). In
most cases, these short-term trade-offs are outweighed by long-term climate benefits,
though their magnitude and duration depend on site-specific factors such as peat type,
hydrology, vegetation composition, and management. Therefore, a more
comprehensive approach - accounting for all dynamic ecological transitions after
rewetting, including shifts in water table regimes, vegetation composition, and soil
biogeochemistry is needed. The method implemented in this task requires an
overarching measurement and monitoring system for all these ecosystem parameters,
which together influence temporal trajectories of GHG fluxes in restored peatlands.
Given the high costs, labor intensity, and logistical challenges of year-round
meteorological and GHG flux measurements, particularly with eddy covariance in
harsh environments, remote sensing provides an essential, cost-effective approach to
track proxy indicators, including succession stages, WTD monitoring at larger spatio-
temporal scales.

In practice, rewetting does not necessarily mean a full return to near-natural conditions
(Kreyling et al., 2021) but could also involve partial rewetting or managed water
regimes for uses such as paludiculture. However, rewetted systems often display lower
resilience to climatic extremes and hydrological changes compared to pristine
peatlands (Loisel, J. & Gallego-Sala, A. 2022). In this report, we also examine
transitional phases in pristine peatlands to provide a reference for assessing how long
it may take for rewetted peatlands to approach conditions similar to their pristine state.

The default Tier 1 EFs from the IPCC 2013 Wetlands Supplement - the most robust
meta-analysis currently available - and those EFs recommended for national GHG
inventories provide baseline global and national estimates of EFco2 and EFcha.
However, in the past, they often provided EFs for rewetted organic soils as static
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averages without stratifying by the time elapsed since rewetting. This can lead to
under- or overestimation of mitigation outcomes, particularly in the first years post-
rewetting, when fluxes can differ substantially from long-term stabilized conditions
(Kalhori et al., 2024). Our objective here is to fill these gaps by providing a systematic
approach to classify temporal phases and associated EFs in rewetted peatlands. By
integrating site-specific environmental drivers with spatio-temporal stratification of EFs,
this work enables the refinement of Tier 2 emission factors for national inventories. In
line with Task 2.3, this deliverable specifically focuses on peatlands, reflecting both
their disproportionately high GHG mitigation potential and their socio-economic
relevance compared with mineral wetlands and floodplains.

1.1 Aims and Objectives

e Establish a framework for identifying temporal phases of EFco2 and EFcha for
over a 20-year post-rewetting period in restored peatlands.

e Develop refined, site-specific Tier EFco2 and EFchs reflecting time since
rewetting, WTD and vegetation dynamics using a machine learning approach.

e Deliver a practical methodology to inform national inventory submissions and a
guideline for peatland carbon emission/removals strategies in the form of a
dashboard for peatland EFs and as a look-up table to estimate EFs based on
specific site characteristics.

2 Methodology

2.1 Site-level estimate of EFs in rewetted peatlands by
leveraging satellite earth observation data

In line with the objectives of Task 2.3, GHG flux measurements (chamber and eddy
covariance data) together with auxiliary and geospatial data, were compiled for
rewetted peatland sites within WH catchments (dataset available via WH Zenodo,
https://doi.org/10.5281/zen0do0.16965682 & https://doi.org/10.5281/zenodo.16965385
)- All WH catchments - established by WP1 - are included in this deliverable, except
for the Romania — Danube catchment. This exclusion is based on the most recent
European wetland map (Tegetmeyer et al., 2025) where it shows the most dense
peatland areas across European countries. The map clearly shows that the area of
interest within the Danube catchment presents the least peat area extent in
comparison with other catchment areas and there are simply no observations from this
catchment or surrounding areas.

To capture changes in vegetation communities within different site-years, high
resolution SPOT 6/7 multispectral satellite imagery (Table. 1) and UAV orthomosaics
were acquired and processed for areas of interest with GHG monitoring locations
within the WH catchments. Capturing these dynamics is essential because shifts in
vegetation community types strongly influence peatland GHG fluxes, hydrological
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regimes, and ecological succession after rewetting. Unsupervised k-means
classification was applied to satellite images from all available years to generate a set
of initial cluster maps. To ensure cluster labels consistently represented land cover
across years, numbering was harmonized using the Hungarian algorithm (Virtanen et
al., 2020 & Chaouche Ramdane et al., 2022) preventing label switching. Supervised
classification with Random Forest was then performed using available ground truth
data and cluster-based labeling and class-weighted model training, with multiple
iterations conducted after rebalancing the training data. Ground-truth datasets
developed from field campaigns and vegetation surveys were used to identify key
dominant vegetation types, e.g., sedge, moss, shrub, reeds, grasses, rushes, aquatic
plants, and open water areas. The Hungarian algorithm was again used to match
clusters to their best corresponding supervised class, allowing supervised class labels
to be back-propagated.

In selected areas of interest that the UAV orthomosaics were available during peak
vegetation period and for consecutive years, a novel semantic segmentation method,
using convolutional neural network algorithms trained on vegetation mapping data
were applied. Pixel-level predictions were compared to the manually labeled ground-
truth data that were obtained during our field campaigns and the accuracy was
assessed across vegetation types, with consideration given to classes that are more
difficult to detect due to spectral similarities.

Table 1. Summary of key features, spatial resolution, spectral bands of the SPOT satellite imagery and UAV
orthomosaics used for the vegetation classification in WET HORIZONS catchment areas.

Operation | Panchromatic Spectral Geometrical Radiometrical WET HORIZONS Sites
Period Resolution Bands Processing Processing
Level Level
SPOT 6 2012 - 1.5m Bundle 3 -Ortho Reflectance Biebrza (Poland), Skjern
Present (PAN/Pan- (Denmark), Auchencorth Moss
sharpened (Scotland), Tervalamminsuo
+ 4 bands (Finland), Lompolojanka
MS) (Finland), Ankeeven & Zegveld

(The Netherlands), @by
(Denmark), Lille-Vildmose
(Denmark), Forsinard East and
West (Scotland): UK-CLS, UK-

LNS, UK-THE
SPOT 7 2014- 1.5m Bundle 3 -Ortho Reflectance Biebrza (Poland), Skjern
Present (PAN/Pan- (Denmark), Auchencorth Moss
sharpened (Scotland), Lompolojanka
+4 bands (Finland), Ankeeven & Zegveld
MS) (The Netherlands), Lille-

Vildmose (Denmark), Forsinard
East and West (Scotland): UK-
CLS, UK-LNS, UK-THE

UAV Campaign 3cm 3 bands Orthorectified Relative Zarnekow (Germany),
RGB -based (Red, mosaics; reflectance Forsinard sites (Scotland),
ortho during Green, georeferenced values Tervalamminsuo (Finland)
mosaics | vegetation Blue - using RTK
period or visible ground control
annually in spectrum points;
each sites only) corrected for
terrain
distortions
Funded by 12
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2.2 Modelling temporally stratified EFs

We used a machine learning approach to model temporally stratified GHG EFs in
rewetted peatland systems and to characterize different emission phases following
restoration under different management scenarios i.e., paludiculture. The model
incorporated a combination of biotic and abiotic covariates, including site-specific
vegetation community, air temperature, nutrient status, peat depth, water table depth,
peat type, and land management, selected based on available measurements within
WH catchments. Categorical variables produced a numeric feature matrix suitable for
the obtained machine learning algorithms. Machine learning was chosen because it
can capture complex, nonlinear interactions between multiple environmental and
management drivers that are both numerical and categorical. In addition to providing
flexible predictive power, machine learning frameworks allow us for systematic
assessment of variable importance, thereby highlighting the most influential factors
driving GHG emissions. Furthermore, these approaches incorporate robust validation
strategies, reducing the risk of overfitting and improving conditions on out-of-
distribution performance. EFs were predicted using an XGBoost model trained on
observed values with repeated (4-repeats with different random split) 7-fold cross-
validation, allowing assessment of out-of-sample error and identification of key
explanatory variables. The model was trained using ~210 observations with measured
data for each gas, ensuring that all observed data points contributed both to training
and validation. Observations with missing EFco2 (n=79) and missing EFchs4 (n=114)
were excluded from model fitting and were later used for imputation with the trained
model. Models were trained both with and without information on dominant vegetation
community to evaluate its predictive contribution. The trained model was subsequently
applied to predict GHG EF values, and target values were subsequently imputed to
produce a complete dataset. Temporal trends in emissions were then analyzed relative
to time since rewetting using both observed and imputed values (Fig. 7&8).

2.3 ldentifying temporal phases post-rewetting

Post-rewetting temporal phases were modeled using GHG flux and meteorological
data collected internally from project partners’ EC tower data, and supplemented with
data from external collaborations and publicly available sources
(https://doi.org/10.5281/zenodo.16965682). The input dataset included all measured
parameters along with ancillary remote sensing time series for tracking dominant
vegetation and WTD transitions per site. Clustering vegetation classification results by
functional types allowed detection of subtle differences in spectral signatures, enabling
identification of dominant vegetation communities across sites after rewetting.
Applying this method to multi-year imagery revealed the temporal evolution of these
communities, including the establishment of peatland vegetation species, shifts in
vegetation community boundaries, and changes in vegetation diversity and water table
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depth—patterns that are difficult to detect using conventional classification
approaches.

Input Data
(Site Measurements)

Covariates:
Water table depth (num)
Dominant vegetation types (cat)
Nutrient status (cat)
Land use management (cat) Covariates based on RS data
Time since rewetting (num) vegetation functional types
Peat depth (num)
Air temperature (num)
Latitude (num)
Peat type (cat)

N

Pre-processing:
gapfilling
Encode categorical variables
Normalize/standardize (if needed)

Modeling:
Random Forest
Gradient Boosting

Model Validation:
Train/test
Cross-validation
Accuracy
Variable Importance

Output:
Predicted Emission Factors
(temporally and spatially stratified)

Figure 1. Workflow of the machine learning approach for predicting GHG emission factors in rewetted peatlands,
integrating biotic and abiotic covariates and validated through cross-validation.

2.4 Vegetation succession analysis and comparison with
GEST site types catalogue

To validate and contextualize the EFs derived from our work, we compared the
vegetation composition of our sites with the established Greenhouse gas Emission Site
Type (GEST; Couwenberg et al., 2011 and an updated longlist in 2018; Jarasius et al.
2022) framework while aiming to contribute to the GEST catalogue and its regular
updates. GEST provides a functional classification of peatland vegetation communities
(mainly from mid-Europe region) as a proxy based on their site-level GHG emissions
and as an appropriate indicator of water level. It is worth noting that our approach in
this task incorporates another covariate — “time since rewetting” — in addition to
vegetation composition data, compared with previous static values such as IPCC Tier
1 EFs. These variables, together with other biotic and abiotic parameters, provide us
with a look-up table to better estimate EFs by accounting for the transient nature of
peatland sites after rewetting and their dynamic emission pathways
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Previous studies, as well as our analyses, show that in regions such as Germany, COz2
emissions account for over 90% of total GHG emissions from organic soils. It has been
suggested that mitigation measures should therefore prioritize reducing CO2 emissions
or increasing CO2 uptake, which may in fact be higher than currently assumed by IPCC
default EF values (Tiemeyer et al., 2020; Kalhori et al., 2024). We have examined CH4
emissions alongside site characteristics for the comparisons between GEST and the
peatland sites within this project, however, the lack of long-term post-rewetting CHa
datasets introduces substantial uncertainty into such comparisons. Consequently, for
the purposes of the GEST-related analyses presented here, our focus was placed on
annual COz2 budgets.

3 Results

3.1 Results for unsupervised and supervised vegetation
classification using SPOT 6/7 and UAV drone imagery

All study sites within this task demonstrated clear differentiation of vegetation
communities and succession stages regarding their land surface for both supervised
and unsupervised classification. Here, we present results from supervised
classifications and sites clustering along with relevant geospatial datasets including
satellite images that are available via Zenodo - WET HORIZONS
(https://doi.org/10.5281/zenodo.16965385).

Vegetation classification results from one of the catchment areas within the UK-
Scotland- Forsinard region is demonstrated below (Fig. 2). The Forsinard cluster
involves one intact, pristine peatland site and two peatland sites with various “time
since rewetting” values after a cycle of drainage and afforestation: (1) Cross Lochs
(UK-CLS) - intact control/target state; (2) Talaheel (UK-THE) - old rewetted site and;
(3) Lonielist (UK-LNS) - young rewetted site. Forsinard Bogs cover an area of gently
sloping peatland in northeast Scotland, 1km north of Forsinard. The site is nationally
important for its blanket bog characteristics and have been included in UK GHG
national inventories. We obtained historical high-resolution satellite imagery from those
sites and conducted UAV drone surveys within the same area of interest, where eddy
covariance towers are located, when possible. Following the unsupervised k-means
classification using satellite imagery from all the available years, initial cluster maps
were generated. The supervised classification results were validated with the available
ground truth data and a confusion matrix was constructed according to the supervised
reference map. For example, at UK-THE, “shrub-tree”, “sphagnum-sedges”, “shrub-
sedges” classes were identified as dominant classes and monitored along the study
years (Fig. 2b). Spatial extent of shrub-tree declined within the footprint of the EC tower
and sphagnum-sedges and shrub-sedges communities show an increase in coverage
area in UK-THE (Fig. 2b). In UK-LNS, the dominant vegetation communities were
monitored using the same approach (Fig. 2a), the sedge-shrub community extent
expanded considerably within the footprint of the tower during the study period. This
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period was covering previously bare peat left from the ground-smoothing operations,
after conifer forestry was felled and drainage ditches were blocked. Also, UK-CLS is
our control site that represents a more homogeneous vegetation communities and
exhibited less inter-annual variability over the course of the study period.

A

B.

Talaheel - Unsupervised Classification (2017)

Talaheel - Unsupervised Classification (2020)

Talaheel - Unsupervised Classification (2022)

Lonielist - Supervised Classification (2024)

Talaheel - Supervised Classification (2024)

Figure 2. Supervised classification results based on spectral clustering of satellite imagery in 2017, 2020, 2022,
and 2024 within the EC tower footprint in two rewetted sites in the UK- Scotland: (A) Lonielist (UK-LNS) and
(B) Talaheel (UK-THE). Extensive ground-truth vegetation surveys were used for data labeling, back-propagating
class labels to previous years and to demonstrate temporal changes in dominant vegetation classes within the

tower footprint.
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As a comparison for inter-annual variabilities between restored and pristine conditions
in peatlands, we performed the same supervised classification approach for the
pristine sites using high-resolution satellite data over the course of more than 5 years
in most sites. Here, we present the results from Tervalamminsuo (FI-Ter), a bog
peatland site in Finland as an example. The spectral clustering identified preliminary
groupings, which were further refined via supervised classification using ground-
validated training points once in 2013 and again in 2023 (Fig. 3). Key findings show
that pristine sites exhibit less interannual variability when compared to rewetted sites,
with the exception of the occurrence of a climate extreme event — as is the case for a
severe summer drought in 2018. During this time, the coverage of vegetation species
that require a high WTD, such as Calluna Vulgaris and Eriophorum Vaginatum,
declined in Tervalamminsuo (Fig. 3, middle panel)). As previously noted, the same
method was applied for other sites that we collected satellite data from (Table 1). These
collective results (i.e., the verified dominant vegetation communities obtained by our
classification work from all our project sites within WH catchment areas), are being
used in boosted regression tree (BRT) models to estimate EFs after rewetting to
monitor the site-specific biotic and abiotic proxies.

2013 2018

alluna vulgaris  WEE ETiopnorum vaginatum [ Dry sphagnia
W Andromeda polifalla WS Sphagnum sp.

Figure 3. Supervised classification results based on spectral clustering of satellite imagery in 2013, 2018, and 2021
within the EC tower footprint at Tervalamminsuo, Finland (FI-Ter). Extensive ground-truth vegetation surveys from
2013 and 2023 were used for validation and data labeling to demonstrate temporal changes in dominant vegetation
classes within the tower footprint.

To capture changes and transition phases in one of the most heterogeneous rewetted
sites within WH catchment areas, we applied the convolutional neural network (CNN)-
based semantic segmentation for the land surface classification — including vegetation
composition and open-water area. This rewetted site, located within Polder Zarnekow
(DE-ZRK) is a rich minerotrophic percolation fen in the Peene river mire system in
Northeast Germany. Results demonstrate strong performance in distinguishing
dominant vegetation types (Fig. 4c&d) as well as a reduction in open water area
between 2013 and 2023 (8- and 18-years post-rewetting) (Fig. 4a&b). Overall pixel-
level accuracy against the manually labeled ground-truth data exceeded 90%, with
particularly high classification accuracy for structurally distinct classes such as tall
sedges and open water. Classes with more subtle spectral differences, such as grass-
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dominated or different aquatic plants, showed lower but acceptable accuracy,
reflecting inherent spectral overlap.

Monitoring these dynamics using multi-year UAV data revealed further temporal
changes in vegetation distribution and coverage within the footprint of the EC tower,
with the neural networks effectively capturing the expansion or shrinkage of key
functional types across consecutive years. This supports the detection of successional
patterns following rewetting in heterogeneous sites. Initial dominance of open water,
in which the water level stays permanently above the surface, is clear in the majority
of the tower footprint, (Fig. 4a-d). The former grassland, initially dominated by reed
canary grass (Phalaris arundinacea) exhibited progressive expansion of sedge
communities from years 5 to 10. During the first year of inundation, reed species died
off, and a new sediment layer rich in relatively fresh plant litter was accumulated.
Following this, the shallow water body was dominated by aquatic plants like
Ceratophyllum demersum and Lemnaceae before being colonized emergent
macrophytes. Helophytes (e.g., Glyceria maxima and Typha) then began establishing
along the lake margins. The perennial herbaceous plant Typha latifolia (or common
cattail) showed an increasing proportional coverage in later years while Sparganium
erectum was detected as the first vegetation type to spread to open water following
rewetting (Fig. 4c&d). Phragmites australis, a potentially peat-forming species, shows
little expansion into the water and therefore plays a minor role in the vegetation
succession within the EC tower footprint.
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[0 rhragmites australis
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RS B ¥4 ~ = TR & E E

Figure 4. Vegetation mapping and predicting dominant vegetation types (c&d) at the rewetted fen site (DE-
Zarnekow) using high-resolution RGB orthomosaics (3cm) — A neural network trained on site-specific data
performed semantic segmentation for vegetation classification with annual UAV imagery for the entire measurement
period, starting from 2013 onwards used to monitor changes in vegetation and open water areas. The vegetation
transition and shrinkage of the open water area are illustrated here; comparison between 8 years (a) and 18 years
(b) after rewetting.
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3.2 Estimate of EFs and environmental variable importance
after rewetting - boosted regression model
performance

The BRT models, trained on >200 site-years of data, explained 51% of the variance in
annual EFco2 values, with a cross-validated root mean squared error (RMSE) of 1.098
t C-CO2 ha' yr', when incorporating all available information on site vegetation
composition based on their functional types (Fig. 5). These results indicate a
reasonable relationship between the environmental/management variables (e.g., time
since rewetting, mean annual WTD, mean annual Tair, peat type, and climate zone)
and the observed EFs. However, when dominant vegetation data, obtained from our
classification work, were excluded, model performance declined with a lower R?,
explaining 43% of the variance, and a higher RMSE (1.189 t C-CO2 ha' yr) (Fig. 5).

19
Funded by

the European Union




WET H=RIZONS

D2.3. Spatio-temporally stratified EFs

This suggests that while selected environmental covariates, when modelled
collectively, provide substantial explanatory power for spatial and temporal variability
in EFco2, the inclusion of vegetation community types further improves model
performance. It should be noted that he relationships between EFcoz2 and the predictor
variables are highly nonlinear and interactive, and not all dominant vegetation
functional types play significant roles in estimating EFco2 (Fig. 5). For example, sites
dominated by Carex, Sphagnum, perennial grasses, and/or Typha were particularly
influential when vegetation information was incorporated. Also, it is important to note
that the model improvement observed here is based solely on the inclusion of the
presence/absence of dominant vegetation communities. If the simple presence of
vegetation types already enhances model performance, then incorporating quantitative
estimates - such as the percentage cover of species with strong influence within the
flux measurement area - would further improve predictive capacity beyond this. This
method has already been applied successfully, and results are presented in one of our

publications funded by WH from a rewetted project site in northeast Germany (Kalhori

A et al. 2024).
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Figure 5. Model performance and variable importance of BRT models for estimating annual EFCO2 (A) Observed
versus predicted EFCO2 values for models including dominant vegetation data (R? = 0.51) and excluding dominant
vegetation data (R%? = 0.43). (B) Relative importance of predictor variables, highlighting the influence of
environmental and management covariates and dominant vegetation types on model performance.

Key covariates such as mean annual WTD, time since rewetting, mean annual Tair,
and peat depth exhibited complex, relationships rather than acting as simple additive
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predictors. For instance, the effect of WTD on annual CO2 balances may be strongly
mediated by vegetation type, or occasionally rewetted Sphagnum-dominated sites
responding differently than reed-dominated systems under comparable hydrological
regimes. Likewise, the effect of time since rewetting varied with historical land use,
nutrient status, and the occurrence of climate extremes during the study period.
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Figure 6. Model performance and variable importance of BRT models for estimating annual EFCH4 (A) Observed
versus predicted EFCHa values for models including dominant vegetation data (R = 0.71) and excluding dominant
vegetation data (R?> = 0.58). (B) Relative importance of predictor variables, highlighting the influence of
environmental and management covariates and dominant vegetation types on model performance.

For EFcH4, the models explained 71% of the variance, with an RMSE of 0.172
t C-CHs4 ha' yr' (Fig. 6), indicating a meaningful relationship between ancillary
parameters and EFs. CH4 fluxes were more strongly and directly related to climate
zones, peat depth, mean annual Tair and WTD, while emission magnitude was heavily
influenced by vegetation data in Sphagnum-dominated peatland sites (Fig. 6b). Time
since rewetting, along with nutrient status, also influenced CH4 dynamics indicating
that recently rewetted fens often produce higher emissions. Moreover, CH4 emissions
were particularly sensitive to hydrological fluctuations driven by climate extremes, such
as prolonged summer droughts followed by rapid re-inundation. These events could
cause temporary emission surges. However, due to lag effects associated with
changes in microbial communities, CH4 emissions often declined in the years following
drought (Kalhori et al. 2024). The statistics obtained when excluding vegetation data
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from our model (R% 0.58 and RMSE: 0.21 t C-CH4 ha™' yr'; Fig. 6a) highlight the
substantial improvement achieved by including vegetation information. Results from
our unsupervised and supervised classification tasks within the BRT models improved
model accuracy by approximately 13% (Fig. 6).

Although CO2 and CH4 responded differently to key biotic and abiotic parameters, their
sensitivities and response patterns exhibited a comparable transition trajectory
relevant for climate mitigation strategies over one to two decades. CO:2 fluxes were
more tightly linked to time since rewetting, mean annual Tair and WTD, with these
relationships particularly pronounced in sedge-dominated sites. In contrast, CHas
emissions were primarily driven by climate zone or latitude, and peat depth and
anaerobic conditions that favor methanogenesis. These differences highlight the
importance of comprehensive monitoring, reporting, and modeling to accurately
assess the climate impact of peatland rewetting across Europe and to inform site-
specific restoration strategies that maximize net climate benefits.

3.3 Defining temporal stratification of EFco2 and EFcha by
introducing temporal phases after restoration

Succession dynamics suggest that recovery pathways are closely tied to original site
conditions, with additional variability influenced by climatic gradients. Our EFco2 results
indicate that time since rewetting is the most explanatory covariate when dominant
vegetation type is excluded from the model, and the second most explanatory
covariate when vegetation data are included (Fig. 5b). This underlines the importance
of identifying temporal phases of EFs after rewetting in order to estimate the mitigation
potential of peatlands across different time horizons. Thus, static values are
insufficient; instead, dynamic EF ranges are required that reflect ecosystem transitions
over time.

This multi-covariate approach integrates a wide range of biotic and abiotic (e.g.,
vegetation composition and land use, hydrology, Tair, latitude, nutrient status, and peat
depth/type) parameters as training data to estimate EFs dynamically based on time
since rewetting. Also, to further develop a novel method to estimate the relevant EFs
and to strengthen vegetation input data, plant communities were classified into
functional categories based on their ecological roles and hydrological preferences in
rewetted peatlands. These included tall graminoids (e.g., Phalaris arundinacea — reed
canary grass; GEST type: tall sedges and grasses) and ‘mesotrophic perennial
grasses’ (e.g., Molinia caerulea, Deschampsia spp.; GEST type: (very*) moist
calcareous meadows or (very*) moist small-sedge reeds). In addition, Carex spp. and
Sphagnum mosses were identified as key functional indicators for EFcHa. While Carex
spp. are associated with wetter, methane-prone conditions, Sphagnum indicates a
transition toward peat-forming, low-emission environments.
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Importantly, these temporal phases can manifest differently depending on
management scenarios: under passive succession (leaving sites to recover toward
their original state), under active rewetting interventions, or in managed paludiculture
systems where peatland-adapted plants such as reed (Phragmites), cattail (Typha), or
Sphagnum are cultivated. Recognizing how emission dynamics diverge across these
management pathways is essential for tailoring restoration strategies that balance
climate mitigation, biodiversity, and land-use needs. We have incorporated land use
information into our dashboard, allowing users to select various management options
for more specific EF estimates.

* (very) In case of Deschampsia spp., the GEST type would fall into ‘moderately moist (forb) meadows’.

Identified temporal phases based on agqgregated mean annual fluxes from multi-
site multi-year dataset post-rewetting for a 20-year time horizon:

We identified three phases after rewetting such as - the early period presenting the
stage of strong sequestration (compared with steady state uptake rates); - there is
then a maturing phase, still some variability; and - finally a mature state where CO2
fluxes largely resemble the sink strength and minimal fluctuations of a steady-state
peatland.

e Phase 1 (0-5 years): highest variability within sites, moderate reductions in CO2
relative to drained state (-1.48 * 0.26 t C-CO2 ha! yr).

e Phase 2 (6-11 years): less variability in our annual dataset compared with the
first phase; an increase in CO2 fluxes but still reflecting a sink behavior (-0.59 *
0.15t C-COz ha' yr)

e Phase 3 (>11 years): less variability compared with the first phase and COz2
fluxes plateauing around a line (-0.73 * 0.1 t C-CO2 ha™ yr), reaching a more

steady state as opposed to more dynamic phases 1 and 2.
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Figure 7. Estimated and measured EFco2 values according to ‘time since rewetting’ showing temporal phases post-
rewetting. These represent aggregated annual mean values from our EF dataset in the dashboard, compared with
IPCC default Tier 1 EFs for rewetted organic soils.

Compared with the evolution of CO2 trajectories, CHs4 losses are initially higher,
cancelling out some of the overall carbon gains. CHa flux trajectories are also a little
slower to move through the initial two phases to maturity than COz2 fluxes.
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e Phase 1 (0-8 years): high variability within the sites, moderate increase in CH4
fluxes relative to drained state (0.32 + 0.02 C-CH4 ha™! yr).

e Phase 2 (9-14 years): same variability as phase 1, within the sites - compared
with the first phase, slight decrease in CH4 fluxes (0.28 * 0.02 t C-CH4 ha™'
yr').

e Phase 3 (>14 years): less variability compared with the previous phases, CH4

fluxes revealing a decreasing trend and finally plateauing around a relatively flat
line (0.23 * 0.01 t C-CH4 ha' yr).
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Figure 8. Estimated and measured EFcha values according to ‘time since rewetting’ showing temporal phases post-

rewetting. These represent aggregated annual mean values from our EF dataset in the dashboard, compared with
IPCC default Tier 1 EFs for rewetted organic soils.

Overall, our results here demonstrate that peatland GHG emissions change in distinct
phases after rewetting, meaning that static EFs are not sufficient to capture their
dynamics through time. As shown in figure 7, applying static Tier 1 EFs to sites that
have undergone rewetting interventions would result in a substantial overestimation of
CO:2 fluxes for approximately 5-6 years and still overestimating but less, even up to 20
years post-rewetting. For EFchs4, using Tier 1 EFs on rewetted sites leads to an
underestimation of emissions during the first ~10 years (although high variability exists
in our dataset for the first 3-4 years). After about 15 years, CH4 emissions stabilize and
approach the Tier 1 EF values (Fig. 8).

The temporal phases for 100-year Global Warming Potential (GWP) estimates - values
for annual CH4 emissions are converted to the common CO2-eq metrics of 27.2-28
(introduced by IPCC ARS, 5th assessment report (Myhre et al., 2013) and modified by
the 6th assessment report) - are also identified in this task (Fig. 9). Results indicate
that peatland GWP dynamics are primarily driven by CH4 emissions, at least for the
first 20 years post-rewetting. As shown in figure 9, applying static Tier 1 EFs to sites
that have undergone rewetting interventions would result in a substantial
overestimation of GWP, particularly for the first 5-7 years when combined CO2 and
CHa4 fluxes. It is also clear that, according to our measured and modelled data, the
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mean GWP values would not reach the default Tier 1 values within 20 years of
rewetting.

IPCC Default EF

GWPco, eq(tha 'yr')
-

0 5 10 15 20
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Figure 9. Estimated and measured Global Warming Potential (GWP) values according to ‘time since rewetting’
showing temporal phases post-rewetting. These represent aggregated annual mean values from our EF dataset in
the dashboard, compared with IPCC default Tier 1 EFs for rewetted organic soils.

The analysis within this work package - synthesizing results across our other tasks -
shows that post-rewetting GHG trajectories are shaped by original site hydrological
and biogeochemical conditions, vegetation succession, and climatic gradients. These
non-linear recovery pathways underline the need to move beyond static EFs toward
more dynamic ranges that better reflect different stages of ecosystem development.
Such an approach is particularly important for improving the robustness of national
GHG inventories and for ensuring consistency with international reporting obligations
under the IPCC guidelines. While our multi-site dataset already provides a valuable
first benchmark, longer-term ecosystem-scale monitoring that includes data from both
pre-rewetting baselines and post-rewetting periods will be essential to reduce
uncertainties around these estimated transitional phases. This will enable more precise
quantification of mitigation potentials, support the development of site-specific
restoration strategies, and strengthen the scientific evidence observational-base for
policy frameworks aiming to maximize the climate benefits of peatland rewetting.

3.4 Carbon flux trajectories and ecosystem resilience in
rewetted and pristine peatlands

Our multi-site multi-year dataset across different peatland categories suggests that
pristine peatlands typically function as long-term CO: sinks, exhibiting relatively stable
sink behavior (Fig. 10, very low Sen’s slope in most cases — between 0.01 and 0.02
tC-CO2 ha' yr). While rewetting is a key restoration strategy aimed at maintaining the
COz2 sink functionality of peatlands, the GHG dynamics of rewetted sites may differ
substantially from those of undisturbed systems. As shown in Fig. 11, all rewetted sites
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— primarily from the European temperate region - display more dynamic emission
pathways following rewetting compared with pristine sites. The Sen’s slope values for
rewetted and paludiculture sites are estimated between -0.29 to 1.71 tC-CO2ha' yr,
whereas those for pristine sites consistently remain below 0.029 tC-CO2 ha™ yr™,
reflecting the more variable carbon flux trajectories following rewetting (Fig. 10&11).
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Figure 10. Annual COz flux pathways for the pristine exemplar sites used in our analysis. Inter-annual variability in
pristine sites shows more stable patterns and closer to steady-state conditions compared with the more dynamic
fluxes observed in rewetted and paludiculture sites.

These results indicate that pristine peatlands generally exhibit more steady CO:2
emission/uptake pathways and are less sensitive to climatic extremes and hydrological
changes compared with the rewetted and paludiculture sites, which show stronger
inter-annual variability. As shown in Fig. 11a, the only site in our exemplar sites
illustrated here, that has reached a stabilized condition — demonstrating a near-steady
state with EFco2 shifting around a flat line with a Sen’s slope of 0.01 tC-CO2
ha' yr' —is UK-Auchencorth Moss (UK-Amo). This exception is likely due to its gradual
restoration process undertaken several decades ago and reduction in grazing, allowing
the ecosystem to reach a steady-state phase (our suggested phase 3 in the previous
section). The site functions predominantly as a COz2 sink except during particularly dry
years (e. g., 2018 European summer drought) or extreme climate events. This
comparison provides valuable insights into the effectiveness of restoration methods
and informs national peatland strategies and climate mitigation policies, particularly
regarding the potential for over- or underestimation of mitigation benefits in rewetted
peatlands over specific time.

More importantly, these findings demonstrate that the timing and pathway of rewetting
play a decisive role in shaping long-term EF trajectories, reinforcing the need for
temporally-stratified EFs. Such insights are directly relevant for the refinement of Tier
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2 EFs in national GHG inventories, ensuring that reported mitigation outcomes more
accurately reflect the site-specific ecological conditions of restored peatlands.
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Figure 11. Annual COz2 flux pathways for the exemplar sites used in our analysis. Inter-annual variability in rewetted
(panel A.) and paludiculture (from Buzacott et al., 2024 (panel B.)) peatland sites show more dynamic patterns
compared with the pristine sites.

3.5 Updated map of EFco2 and EFch4 of peatlands within
WET HORIZONS catchments and other EU countries
(Spatially-distributed EFs)

The updated map of EFco2 and EFcH4 across European peatlands, with a main focus
on WET HORIZONS catchments, aggregate site-level observations to catchments and
country scale (WP2 master EF dataset, https://doi.org/10.5281/zen0do.16964557 )
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and distinguishes management status (drained, pristine, rewetted, paludiculture). By
harmonizing classifications and normalizing for climate zones, these maps facilitate
transparent comparisons and highlight regional ‘hotspots’ where drainage has shifted
peatlands from long-term carbon sinks to significant CO2 sources.

Consistent with the underlying flux data, drained sites exhibit the highest EFcoz (mainly
in the temperate region and central Europe), reflecting accelerated aerobic
decomposition (shown as red triangles in Fig. 12). In contrast, pristine, rewetted, and
paludiculture sites cluster toward lower EFco2 values, often approaching sink or near-
neutral conditions (green symbols in Fig. 12), while displaying the expected trade-off
of elevated EFchsa under wetter conditions (Fig. 12). Rewetting and paludiculture
substantially reduce CO2 emissions (Fig. 12) - the dominant long-term warming driver-
with localized increases in CH4 (Fig. 13) as management trade-offs, that are spatially
heterogeneous and seasonally variable.

Peatland EF coz|
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Figure 12. Updated map of EFcoz across all peatland categories — spatially distributed within WET HORIZONS
catchments and supplemented with available dataset beyond WH catchments. Note: Romania-Danube catchment
is not included in this deliverable due to lack of available measured data. The background layer is sourced from the
European Wetland Map by Tegetmeyer et al., 2025.
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However, as presented on the EFcrna map, CH4 emissions from pristine sites (primarily
from the temperate region and central Europe) are significantly higher from those of
rewetted and paludiculture sites. It is worth noting that, while we cover a wide range of
annual CHa4 values in our EFcHs4 map, long-term CH4 data following rewetting or for
paludiculture sites remain sparse across EU countries, thus, our map encompasses a
larger proportion of EFcH4 data from pristine sites (Fig. 13). With this compiled dataset,
we provide a diagnostic tool for identifying areas with the greatest mitigation
potential (i.e., drained hotspots) and support a planning tool to prioritize rewetting
and paludiculture strategies within each catchment and beyond WH catchments.

Peatland EF CH4
CHa kg C ha-1
® -10-0
0-10
10-20
20-50
50 - 200
200 - 400
400 - 600
Drained
Paludiculture oy
Pristine )
Rewetted
{71 WH Catchments
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Figure 13. Updated map of EFchsa across all peatland categories — spatially distributed within WET HORIZONS
catchments and supplemented with available dataset beyond WH catchments. Note: Romania-Danube catchment
is not included in this deliverable due to lack of available measured data. The background layer is sourced from the
European Wetland Map by Tegetmeyer et al., 2025.
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4 Perspectives — impact, potential, guideline, and
dashboard proposed for national GHG reporting

All the results obtained from this task underscore both the urgency and also feasibility
of incorporating temporally-stratified Tier 2 EFs into national GHG inventories. The
identified temporal phases correspond to measurable vegetation transitions and shifts
in hydrological regimes and GHG fluxes, providing a robust basis for improved
reporting accuracy and supporting the integration of site-specific restoration effects.

Key recommendations include:

e Adopting similar remote sensing methodologies for national-scale peatland
monitoring and benefit from satellite observational data for areas that GHG
measurements are expensive and labor-intensive due to their harsh conditions.

e Updating IPCC Wetlands Supplement database - guidance on rewetted
organic soils (in- progress within our work package: our own eddy covariance
long-term GHG flux measurements from a rewetted peatland site submitted to
IPCC database) and inventory guidance to include temporally-stratified EFs.

e Integrating long-term monitoring data to better capture post-rewetting
dynamics.

e Utilizing these findings and the developed Tier 2 EF dashboard to inform
national governments responsible for GHG emission inventories and voluntary
carbon market methodologies for site-specific restoration projects. The EF
dashboard further facilitates transparent access to harmonized data products
and supports scenario testing and decision-making.

Beyond their role in supporting reporting, the compiled EF dataset and the interactive
peatland dashboard are key outputs with broad relevance across WET HORIZONS’
work packages and synergies. They are already being used in several other WP
tasks and tools, including:

- Decision Support System (DSS) tool for policymakers and land managers to optimize
wetland restoration — the SERVI-PEAT DSS (developed by WP3).

- Online interactive map (developed by WP1), allowing users to select and visualize
wetland status and weigh data layers.

- Hotspot priority map (developed by WP1) and the co-benefits and trade-offs (WP4).

Also, our EF dataset has been used for calibration/validation activities within WP3 as
well as the cost-effective GHG abatement estimates based on MAgPIE model
(developed by WP5). Our EF dashboard will be presented in the workshops organized
by WP6 to develop national impact plan focused on peatland protection and restoration
efforts for visualization and communication platforms.
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Providing interactive access to a harmonized, spatio-temporally stratified peatland EF
dataset is our primary impact pathway, ensuring that policymakers, practitioners, and
the wider public can effectively use the results. The developed model within this task
provides a robust predictive tool for estimating EFco2 and EFchsa based on site
characteristics, enabling broad-scale ecological insights and policy-oriented
simulations, while also highlighting where future data collection or model refinement
could reduce uncertainties in peatland emission estimates.

At the end of this report, we provide a document presenting “Guidelines for the
Estimation of Emission Factors” - which is a synthesis of all the tasks in WP2 and a
joint-document between tasks 2.3 and 2.4. This methodological guide is developed to
estimate higher Tier EFs relevant to peatland GHG inventories, supporting transparent,
and comparable reporting of GHG dynamics in accordance with national inventory
requirements and site-specific characteristics. The EF upscaling section has been
described in D2.4.

Future research should include more extensive CH4 flux measurements, and expand
analyses to underrepresented peatland types, contributing to a comprehensive
European peatland emissions framework. Currently, there is lack of non-COz2 flux data
across different peatland categories and management types, and even existing CO2
flux dataset often fail to cover sufficiently long time series. In line with the WP6
objectives, this deliverable provides guidance for national authorities on incorporating
Tier 2 EFs in reporting under the Paris Agreement and facilitates the development of
peatland carbon market methodologies.

4.1 Contribution into GEST catalogue according to site-
specific vegetation successional patterns

A proportion of the project sites - either rewetted or transitioning toward more stable
hydrological conditions - exhibit vegetation structures comparable to specific GEST
classes. These include communities dominated by very moist Sphagnum spp., wet tall
sedges and reeds (e.g., Carex spp., Phragmites australis), as well as very moist
meadows with forbs and small sedges/reeds.

In western and central Europe, rewetted fen sites - primarily in north-east Germany
(i. e., Elbe catchment, DE-Zarnekow) and north-west Germany and the Netherlands
(i. e., Lower Rhine/ljssel catchment) - contain flooded areas with mixed coverage of
Typha angustifolia or Typha latifolia, which develop into helophyte reed beds
dominated by Phragmites australis and Glyceria maxima. While long-term GHG data
from these ‘unused open peatland areas’ (as defined in the GEST catalogue) are
sparse - and in the updated long-list GEST they are noted as ‘No Target GEST’ - our
dataset can contribute valuable information to support the update and refinement of
these newly established categories. These vegetation communities could correspond
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to classifications such as “wet reeds or sedge fen,
reeds,”

wet tall sedges reeds,” “wet tall
very moist tall sedges reeds,” and “flooded tall sedges reeds & Typha-reeds”.

Similarly, in the PI-Bbz site (Biebrza, Narew catchment - Poland), the area within the
footprint of the EC tower is dominated by reeds, sedges, and some local rushes
(Phragmites australis, graminoids, Carex riparia, Thelypteris palustris, Comarum
palustre), representing “moist reeds and (forb) meadows” and/or “very moist meadows,
forbs and small sedges/reeds” according to the updated 2018 GEST catalogue. These
vegetation types occur under highly saturated conditions with relatively high water
tables, which suppress aerobic peat decomposition and promote reduced CO2
emissions.

EFs associated with WH sites fall within expected ranges reported for comparable
GEST site types, particularly for sites with mean water levels within —10 to +10 cm of
the surface. Notably, Sphagnum-dominated sites - requiring humid to wet, oligotrophic
to mesotrophic conditions - exhibited some of the lowest COz2 flux values, consistent
with effective rewetting. Areas colonized by wet sedge-reed classes demonstrated
moderately reduced EFco2, reflecting partial hydrological recovery. This
correspondence supports the reliability of our EFco2 estimates and highlights the
ecological practicality of a vegetation-based site classification approach. Our goal, and
the demonstrated alignment with GEST, reinforces the value of vegetation proxies in
assessing post-rewetting GHG dynamics, particularly where long-term flux
measurements are sparse.

4.2 Interactive Dashboard for EFco2 and EFcHs4 dataset

The Peatland EF Dashboard is an interactive platform designed to support data-driven
exploration, visualization, and analysis of GHG emissions associated with peatland
rewetting interventions. By integrating site-specific information - including vegetation
composition, WTD, peat characteristics, climatic variables, carbon flux measurements,
and UAV-derived imagery - the dashboard provides a comprehensive tool for
understanding the ecological and climatic drivers of CHs4 and CO2 emissions (Fig.
14&15). It allows researchers and practitioners to synthesize complex datasets in a
single, accessible interface, facilitating rapid testing and identification of key patterns
that inform rewetting strategies. The dataset associated with the dashboard is available
via WET HORIZONS Zenodo space here: https://doi.org/10.5281/zenodo.16965682 .

Key functionalities include:

- Data Exploration: Users can filter datasets by site, nutrient status, vegetation type,
and environmental variables, as well as adjust ranges for WTD, peat depth, and time
since rewetting. This enables focused analysis on subsets of interest and supports
hypothesis-driven exploration.

- Visualization: The dashboard offers interactive maps, time-series plots, histograms,
regression analyses, and customizable boxplots along with statistics. These
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visualizations allow users to identify trends, correlations, and potential drivers of
emissions/uptakes across spatial and temporal scales (Fig. 14&15).

- Decision support: By summarizing EFs under varying conditions, the platform
provides actionable insights for land managers and policymakers, consistent with ‘Task
3.5’ objectives within WET HORIZONS. Users can evaluate mitigation potential based
on ‘time since rewetting’, assess the impact of restoration strategies, and prioritize
interventions based on site-specific conditions.

- Transparency and reproducibility: The integration of raw and processed data
alongside visual summaries provides documentation of site characteristics and
environmental parameters, supporting data integrity, reproducibility, and public
knowledge.

- Metadata and collaboration: Linking site-specific contacts as well as ancillary data
(UAV, meteorological, and GHG flux data) allows the dashboard to function as a
structured metadata catalogue. This facilitates interdisciplinary collaboration, sharing
of experimental protocols across other work packages, and joint analysis across other
research groups and peatland community.

- Public engagement and sharing: The platform enables dissemination of research
insights to stakeholders, including policymakers, local communities (our sites are
actively being part of ‘Task 7.5 activities in WP7), and funding agencies. This is fully
in line with impact planning task within WP6, promoting transparency and informed
decision-making in peatland restoration efforts.

The Peatland EF Dashboard serves as a multipurpose platform for integrating complex
ecological datasets, supporting evidence-based management, and fostering
collaboration and transparency in peatland climate mitigation. By combining an
interactive analytical environment with a curated metadata resource, it enables
research teams and policymakers to accelerate understanding, improve restoration
outcomes, and make informed decisions on policy and strategies in peatland rewetting.
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Annex 1 - Guidelines for the Estimation and
Upscaling of Emission Factors

These guidelines provide methodological guidance for the estimation and upscaling
of emission factors (EFs) relevant to peatland greenhouse gas (GHG) inventories.
They are intended to support consistent, transparent, and comparable reporting of
emissions and removals in accordance with national inventory requirements. In
addition to outlining approaches for deriving site-level EFs, these guidelines include
an upscaling protocol that enables the integration of site-specific data into regional
and national assessments — based on catchment areas. This ensures that locally
derived data contribute meaningfully to inventory compilation at larger scales.

The approaches presented reflect current scientific understanding of peatland
dynamics and offer practical methods for estimating and upscaling EFs under varying
environmental and management conditions through time. Users are encouraged
to apply country-specific data, where available, and to document data sources, and
methodological choices to ensure transparency and facilitate future improvements.
This guide supports national inventory compilers, policymakers, and stakeholders in
integrating Tier 2 Emission Factors (EFs) for peatlands into national GHG
inventories, based on updated, site-specific data from WET HORIZONS project on
peatland conditions, climate impacts, restoration phases, and mitigation
potentials.

Key Objectives

« Apply temporally and spatially stratified EFs for peatlands.
o Accurately reflect the effects of:
o Rewetting stages (temporal phases).
o Site-specific conditions (vegetation, land use management, climatic
variability).
o Impacts of climate extremes.
o Estimating mitigation potentials of restored peatlands.
e Improve GHG reporting from peatlands beyond IPCC Tier 1 default values,
aligning with Paris Agreement requirements and enabling access to carbon
markets.

Core components of the updated Tier 2 EF approach

1. Stratification by Peatland Condition:
o Pristine/natural or near-natural peatlands
o Drained peatlands
o Rewetted peatlands and paludiculture sites (classified by restoration
phase)
2. Temporal Phases for Rewetted Peatlands:
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o Initial rewetting phase (0 to 5-8 years): High CH4, reduced COz2
o Transition phase (5-8 to 15-17 years): Stabilizing emissions
o Stable rewet condition (15+ years): Low CH4 variability, sustained
COz2 sink function
3. Spatial (and temporal) stratification based on:

= Vegetation cover (mapped via spectral clustering)
= Water table depth conditions and other biotic and abiotic
parameters
= Proxies derived from remote sensing products
4. Climate sensitivity adjustment:
o Integrate emission responses to climate extremes (e.g., droughts,
floods) into EF estimates — result of task 2.2.

Step-by-Step integration process
Step 1: Estimate mitigation potential for our WH catchment areas

e Use updated spatial data provided by our wetland mapping partners (GMC-
WP1-D1.3) and remote sensing products from the project to updated countries
and catchment specific EFs for different types of peatlands.

Tools:

e Spectral clustering outputs

« Vegetation class maps based on machine learning semantic segmentation

e Modelling approach (Boosted Regression Tree and Random Forest) to
estimate GHG balance dynamics after rewetting and identifying most
explanatory drivers

« Historical restoration data

Step 2: Assign appropriate Tier 2 emission factors

o Use the provided EF lookup tables, stratified by:
GHG type (COz2, CHa4)

Mean annual water table depth

Mean annual air temperature range
Peatland categories

Restoration phase (if rewetted)

Dominant vegetation class

o O O O O O
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Example:
Peatland A e A yyp-1
Type Phase EFcoz (t C-CO2 ha™ yr) EFcHa (kg C-CH4 ha! yr)
Rewetted | 0 to 5-8 yrs Reduced Elevated
Rewetted | 8+ yrs Transition — still sink Highest
Rewetted | 10+ yrs Stabilized Transitioning to steady state

Reference/control and high

Pristine N/A Lowest ..
emissions

Step 3: Adjust for climate extremes?

e Apply EF modifiers if:
o Droughts increase CO2 emissions temporarily.
o Floods cause CHas spikes in certain rewetted stages.
o Use climate datasets and remote sensing time series (e.g., anomalies in soil
moisture or vegetation index) to adjust EFs temporally.

Step 4: Upscaling to larger areas: calculate area-based GHG
mitigation potential per catchment in two levels: basic — Tier 1 (area-
based only) and advanced — Tier 2 (response function method based
on Gompertz-equation using measured and modelled WTD data for
temperate region)

e For each stratum (combination of peatland type, phase, and class):
o Area (ha) x EF (t GHG/halyr) = Annual Emissions (t GHG)
o Repeat for CO2, CH4 separately
e The second approach uses peatland type-specific response functions of CO2
and CH4 to WTD. For COz2, a Gompertz function was fitted across spatially
aggregated regions, based on data availability. For CH4, an exponential
function was applied (D2.4).

Step 5: Aggregate emissions to national level

« Combine emissions across all peatland strata.
e Integrate into the LULUCF (Land Use, Land-Use Change and Forestry)
sector reporting under the UNFCCC.

Step 6: Document and sources

e Include:
o EF sources (this project's EF master dataset), and the restored
peatland dataset in the form of Peatland EF Dashboard
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o Spatial data layers used
o Temporal restoration information
e Document any climate adjustment factors applied.

Step 7: Reporting and verification

e Report under:
o National GHG inventory submissions
o EU monitoring mechanisms (if applicable)
o Voluntary carbon markets (if used for offset schemes)
e Provide:
o Methodology description (matching IPCC Tier 2 definition)
o Uncertainty assessment
o QA/QC steps for data verification

Deliverables from the project to support users

EF lookup tables stratified by:
o Peatland type
o Restoration phase
o Vegetation/drainage class
« Geospatial data layers:
o Vegetation maps
o WTD maps
« Protocol document:
o How to apply EFs, including temporal adjustments
o Climate adjustment guidelines:
o How to account for extreme weather effects on GHG dynamics

e GHG calculation spreadsheets or national inventory models

Conclusion: Why tier 2 matters

« Integrating Tier 2 EFs ensures:
o Higher accuracy than EF Tier 1 defaults
o Recognition of the GHG mitigation benefits of peatland restoration
o Better alignment with national climate targets and international
agreements (e.g., Paris Agreement)

Annexes
« A: EF dataset (Peatland EF dataset for dashboard via D2.3:

https://doi.org/10.5281/zenodo.16965682 and the master EF-WP2 dataset:
https://doi.org/10.5281/zenodo.16964557)
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B: Calculation of peatland mitigation potential: 1) area-based and 2) WTD
response function to GHG fluxes (D2.4)

C: Spatial dataset (Data available via D2.3,
https://doi.org/10.5281/zenodo.16965385)

D: Defining temporal phases post-rewetting (D2.3)
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